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a b s t r a c t
The fast-growing number of complete genome sequences prompts the development of
new phylogenetic approaches. Until recently, understanding the phylogeny of prokaryotes
was based on the comparison of highly conserved genes. Several novel whole-genome
methods have been proposed during the last few years. Here, we present a novel method
of taxonomic analysis, constructed on the basis of gene content and lengths of orthologous
genes of 66 completely sequenced genomes of unicellular organisms using Clusters of
Orthologous Groups (COGs). Our input data consist of average protein lengths related
to ∼5000 COGs from 66 genomes. We clustered these data, using an application of
the information bottleneck method for unsupervised clustering. This approach is not a
regular distance-based method, distinguishing it from other recently published whole-
genome based clustering techniques. Although our comprehensive genome clustering is
independent of phylogenies based on the level of homology of individual genes, it correlates
well with the standard ‘‘tree of life’’ based on sequence similarity of 16s rRNA.
© 2008 Elsevier B.V. All rights reserved.
1. Background
Usually, the phylogeny produced by means of molecular evolution is based on the comparison of the highly conserved
small subunit rRNA sequences (ssu-rRNA), as originally proposed byWoese and colleagues [29]. The prokaryotic phylogeny
based on ssu-rRNA has been quite successful [13]. However, drawbacks of a phylogeny based on any single-gene family
are well known as well. For instance, saturation is a problem due to the length of the ssu-rRNA and functional restrictions
limiting the number of possible mutations of this highly conserved RNA-coding gene. Species phylogenies derived from
comparisons of single genes are rarely consistent with each other, particularly due to horizontal gene transfer [8,9,30,
7]. Another well known problem associated with the traditional approach, is that the evolutionary history of any single
gene may differ from the evolutionary history of the whole organism. Consequently, different integrative procedures were
proposed to cope with ambiguities of the ‘‘single gene approach’’ (see, recent reviews: [16,2,23]).
As more and more genomes are completely sequenced, phylogenetic analysis enters a new era - that of phylogenomics.
Recent studies have demonstrated the power of this approach, which has the potential to provide answers to several
fundamental evolutionary questions. The complete genomes of living organisms provide much information on their
phylogenetic relationships. A few approaches to derive phylogenies, based on extensive genomic information of organisms
rather than based on a small number of genes were proposed [31,12]. One such approach is to determine a genome
phylogeny based on gene content [22,5,26]. Snel et al. [22] presented a distance-based phylogeny of 13 completely
sequenced genomes of unicellular species. They defined the similarity between two species as the number of genes they
have in common, divided by their total number of genes. The authors proposed to interpret the introduced distance in
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terms of evolutionary events of the acquisition and loss of genes. Their conclusion was that, at least with 13 species, the
approach works well. The authors emphasized that a tree obtained by their approach differs from the 16s rRNA tree, and
the departures from certain taxonomic units may assist in clarification of the phylogeny of these groups.
Tekaia and Yeramian [26] presented methods based on conservation profiles. They defined a conservation profile of a
protein as an n-component vector of zeros and ones, which describes its conservation pattern across the n species. The
authors tried to derive the methodological concept of genome trees, based on protein conservation profiles in multiple
species.The authors noted that the mathematical definition of conservation profile is identical to that of ‘‘phylogenetic
profile’’ [4,14], and, thus, their approach also may be included in ‘‘gene-content based’’ techniques. As an illustration for
the methods, they analyzed a genome tree based on conservation profiles, along with a series of other trees derived from
the same data and based on pair-wise comparisons (ancestral duplication-conservation and shared orthologs). The new
genome tree, based on conservation profiles, displayed a significant correspondencewith classically recognized taxonomical
groupings, along with a series of departures from such conventional clusterings. As it was mentioned in a recent review of
Snel et al. [23], the phylogenetic value of genome trees is not as commonly accepted as that of gene trees, simply because the
different parts of the genome do not necessarily have the same evolutionary history. This observation has led to the question
whether it is possible to construct a phylogeny at the level of genomes [3]. Here,we present a clustering of unicellular species
on the basis of lengths of all orthologous genes as a genome tree. We believe that our results provide a positive answer to
the above mentioned question.
On the basis of characters used to cluster genomes, genome trees can be globally divided into several classes [23]:
• alignment-free genome trees based on statistic properties of the complete genome, (see, for example [6,28], and
references wherein);
• gene content trees based on the presence and absence of genes [3,7,24];
• genome trees based on chromosomal gene order [32,17];
• genome trees based on typical genomic distributions of amathematical function that reflects a certain biological function:
in particular, on genomic curvature distributions data [10];
• a few more complex methods [23,31].
The method that we present in this manuscript, is closely related to a group of methods based on the presence and
absence of genes; however, in addition, it uses the information related to the lengths of genes, and this addition makes a big
difference.
We present here a method based on orthologous gene property conservation profiles. Let us suppose that we have n
genomes to construct a genome tree. We define an orthologous gene property conservation profile of a gene x as an n-
component vector of zeros and ratios,which reflects an evolutionary conservationhistory of a property p across then species.
Our main goal is to introduce a methodologically novel concept of genome trees, based on orthologous gene conservation
profiles in multiple species. In this manuscript, a length of a gene is the property under consideration, however, it can be
another evolutionary property, like a gene GC-content or a Codon Usage Index of a gene. A value of an i-th component of a
profile x either equal to zero, which means an absence of a gene x in a genome i, or equal to a realization of a random value
presenting average lengths of orthologs related to a group of genes of a type x, and calculated by using database Clusters
of Orthologous Groups [24,25] — COGs. Here, we introduce a new strategy of taxonomic analysis based on an information
bottleneck method [27]: a novel application of the recently introduced method for unsupervised genome clustering.
Clustering problems deal with grouping data items similar to each other. A similarity is used to find out group
membership, bymeans of a distance-like function thatmeasures the resembling between the data points and reflects certain
background information of the data’s structure. The determination of such a function is an essential task in cluster analysis.
Themajor difficulty arising in the distance function’s selectionproblem links to a choice of the relevant data features involved
in the function determination. The information bottleneck method of Tishby et al. [27] suggests another point of view on
this problem based on the information theoretic approach. Note that hierarchical clustering using mutual information with
applications to the construction of mammal phylogenomics trees has been considered in [11]. However, their approach is
essentially different from the method employed in this paper.
Formally speaking, the significance of one variable, say X , regarding another one, say Y , is measured in terms of the
mutual information I(X; Y ). The purpose of information theoretic clustering is to find a partition of the first variable values
that are informative about the second variable. Apparently, it leads to a trade-off problem between dropping irrelevant
characteristics, and keeping relevant ones. The clustering procedure is intended to create a new variable representing
partitions of X . The information bottleneck principle is described by a balance trade-off between the information to be
minimized, namely I(X; Y ), and the one to be maximized I(T ; Y ). In our case, X is a set of genomes to be clustered, Y is an
average length of the genes presented in COGs and T is a compressed representation (clustering) of X .
Our clustering of the 66 Unicellular Organisms based exclusively on gene content agrees in a predominant majority of
basic branching with the NCBI taxonomy [http://www.ncbi.nlm.nih.gov/COG].
Moreover, we obtained much more consistent results when we used gene-length matrix, rather than gene-content
matrix. Thus, we assume that future application of the information bottleneck method to a larger database (380 Complete
Microbial Genomes were available in September 2006 [http://www.ncbi.nlm.nih.gov/genomes/lproks.cgi?view=1]) may
substantially contribute for better understanding of the prokaryotic phylogeny.
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Also, it seems that challenges for the future still remain. The very nature of the evolutionary history of organisms and
the limitations of current phylogenetic reconstruction methods mean that part of the tree of life might prove difficult, if not
impossible, to resolve with confidence.
2. Methodology
2.1. Data
We used data utilized in Clusters of Orthologous Groups of proteins [NCBI, 2003, http://www.ncbi.nlm.nih.gov/COG].
COGs were delineated by comparing protein sequences encoded in complete genomes, representing major phylogenetic
lineages. The database of COGs was used as the source of information on orthologous genes in prokaryotic genomes [24,25].
Briefly, the COGs were constructed from the results of all-against-all BLAST [1] comparison of proteins encoded in complete
genomes by detecting consistent groups of genome-specific best hits. The COG construction procedure does not rely on any
preconceived phylogenetic tree of the included species, except that certain obviously related genomes (for example, two
species of mycoplasmas or pyrococci) were grouped prior to the analysis, to eliminate strong dependence between best
hits. Only gene pairs conserved in three or more genomes were considered. In the current COGs database 63 sequenced
prokaryotic genomes and three genomes of unicellular eukaryotes are included (38 orders,28 classes,14 phyla).
2.2. Methods
2.2.1. Gene-content matrix preparation
We used the COG collection, consisting of 138,458 proteins, which form 4,873 COGs and comprise 75% of the 185,505
(predicted) proteins encoded in 66 genomes of unicellular organisms. Therefore, the orthology data were represented as a
0/1 matrix of the presence-absence of the analyzed genomes in the COGs. The matrix is of size [66:4873], while a matrix
elementmij is a 0/1 element of the presence-absence of protein orthologs of a genome i belonging to COG j. It is well-known
that only a minuscule fraction (∼1%) of the COGs are ubiquitous in all 66 genomes, and even the COGs that are present in
all Eubacteria or in all Archaea represent a small minority. This property of our matrix makes it a sparse matrix.
2.2.2. Gene-length matrix preparation
A gene-length matrix is a sparse matrix [66:4873] similar to the above mentioned gene-content matrix, while a matrix
elementmij is an average length of protein orthologs of a genome i belonging to COG j. The information on orthologous genes
in prokaryotic and yeast genomeswas derived from the COGs as in the previous approach. An average valuemij of ourmatrix
[genome, COG] was obtained in two steps:
(1) First of all, we applied a cleanup procedure to keep datamore consistent. Cleanup procedures are an absolutely necessary
step in every statistical study. Sometimes, these procedures should be rather sophisticated, but we did not feel such a
necessity in the case. Only a slight ‘‘cosmetic’’ correction expressed in outliers’ exclusion before averagingwas done. The
well-known ‘‘three-sigma’’ rule has been used for this purpose. The meanµ and the standard deviation σ of the lengths
of each COG’s items were calculated and proteins having a length of less than (µ− 3σ) or greater than (µ− 3σ)were
termed as ‘‘outliers’’. The outliers were not counted in. In general, about 3% of all protein lengths were excluded from
further calculations.
(2) At the second step, every obtainable COG organism pair was presented by one averaged protein size. It was done by
averaging all paralog protein sizes, to keep only one representative size per protein per organism. The typical distribution
of lengths of proteins in the COG is rather homogeneous. Therefore, even the presence of ‘‘ill-defined’’ COGs cannot
negatively affect the results of our statistical in nature procedure.
2.3. Information bottleneck
According to the fundamental Information bottleneck (IB) approach [27], the natural statistical measure of the
information that variable X holds about variable Y , is the mutual information I(X; Y ), between the random variables X
and Y :
I(X; Y ) =
∑
x∈X,y∈Y
p(x, y) log
p(x, y)
p(x)p(y)
=
∑
x∈X,y∈Y
p(x)p(y|x) log p(y|x)
p(y)
,
where p(x, y) is the joint distribution of X and Y ; p(x) and p(y) are the marginal distributions of X and Y ; p(y|x) is the
conditional distribution of Y given X . As is well known, I(X; Y ) is a symmetric and nonnegative function, which equals
zero if and only if, the variables are independent. This value assesses how many bits are needed on average to express
the information X has about Y and vice versa. Given the joint distribution p(X; Y ), the IB method seeks for a compact
representation of X , which keeps as much information as possible on the applicable variable Y . Typically, X represents a
variable which is intended to compress, and Y - a variable which we would like to predict. This idea of a trade-off between
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two types of information terms has been formulated in the mentioned paper [27], using the basic notations of the well
known Shannon’s information theory. Therefore, amid all the features of X , one attempts to keep up only those that are
most applicable to predict Y . Construction of optimum representations is provided by means of a supplementary variable,
T which stands for soft partitions of X values, such that I(T ; X) is minimized at the same time as I(T ; Y ) is maximized. A
compressed representation T of X (a clustering of X in our case) is defined by p(T |X). Hence, the quality of the clusters is
calculated by the information which is covered by Y , namely, by I(T ; Y )/I(X; Y ). The distribution of T is determined given
X alone because T is a compressed representation of this variable. Explicitly,
p(T |X, Y ) = p(T |X),
or
p(X, Y , T ) = p(X, Y )p(T |X).
It can be reformulated in an equivalent form as the IB Markovian relation:
T ↔ X ↔ Y .
The IB optimization task is expressed as the minimization of the IB functional,
L[p(T |X)] = I(T ; X)− βI(T ; Y ),
where β is a positive Lagrange multiplier. The minimization is considered over all the p(T |X) distributions. This problem
yields an exact analytical formal solution without any assumption regarding the joint distribution p(X, Y ). This solution is
provided by means of the three distributions as following:
p(t|x) = p(t)
Z(β, x)
exp(−βDKL(p(y|x) ‖ p(y|t)))
p(y|t) = 1
p(t)
∑
x
p(t|x)p(x)p(y|x)
p(t) =
∑
x
p(t|x)p(x)
where
• p(t)— the prior probability for this cluster;
• p(t|x)membership probabilities;
• p(y|t) distribution over the relevance variable;
• Z(β, x) is a normalization factor and
• β ≥ 0 is the (Lagrangian multiplier) parameter establishes the trade-off between compression and accuracy and the
partition.
In our context of genome clustering, a similarity measure of two genomes is understood as the similarity between
conditional distributions of representative lengths of their genes, i.e., we introduce
p(y|x) = n(y|x)∑
yi∈Y
n(yi|x)
where n(y|x) is an average length of the genes of the COG y in the genome x. We also evoke a uniform prior distribution of
the genomes: p(x) = 1‖X‖ . It is natural to suppose that genomes with similar conditional length distributions are expected
to belong to the same cluster. This notion leads to a cluster hierarchy structure of the genomes, based on the likeness
of their conditional distributions regarding the genes. The creation of a cluster hierarchy of the set items, based on the
similarity of their conditional distributions with regards to the items of another set was first introduced in [15] in the
problem of clustering words according to their distribution in particular syntactic contexts. The first set X was associated
with a documents set and the second one Y with a suitable words collection. The approach was called ‘‘distributional
clustering’’. Obviously, thismethod requires introducing such a distance betweendistributions thatwould reflect the desired
measure of similarity. The information bottleneck principle determines the distortionmeasure between thepoints, bymeans
of the known Kullback–Leibler divergence among the conditional distributions p(y|x) and p(y|t):
DKL(p(y|x) ‖ p(y|t)) =
∑
y
p(y|x) log p(y|t)
p(y|x) .
Generally, the membership probabilities, p(t|x), are ‘‘soft’’, i.e., each element can be assigned to every cluster with some
(normalized) probability.
We used the agglomerative information bottleneck algorithm proposed in [20] (see, also [18,19] and [21]). Here, our
objective is to point out a partition which maximize I(T ; Y )where Y is the length of the genes of the COG y in the genomes.
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Each genome x is represented by p(x, y) — the mutual distribution of the genomes and the average length of the genes of
the COG’s. The merging criterion is based in this case on
DJS(x, t) = (p(x)+ p(t)) ∗ JS(p(y|x), p(y, t)),
where JS(p, q) is the famous Jensen–Shannon divergence, defined as
JS(p(y|x), p(y, t)) = pi1DKL(p(y|x)‖p)+ pi2DKL(p(y|t)‖p),
for
pi1 = p(y|x)p(y|x)+ p(y|t) , pi2 =
p(y|t)
p(y|x)+ p(y|t)
and
p = pi1p(y|x)+ pi2p(y|t).
The Jensen–Shannon divergence is non-negative and is equal to zero if and only if, both its arguments are identical. The
following procedure constructs a partition with exactly K clusters.
Input: Joint probability distribution p(x, y)— the mutual distribution of the genomes X and the average length of the genes
of the COG’s Y .
Output:A partition of the genomes into K clusters, for every 1 ≤ K ≤ |X | .
Initialization:
• X = X;
• for each i, j = 1, . . . , |X | , i < j calculate
dij = DJS(p(y|xi), p(y|xj)).
Procedure:
• form = |X | − 1 to 1
• Find the index i, j; for which dij is minimized;
• Merge {xi, xj} to x;
• Update X = (X − {xi, xj}) ∪ x;
• Update dij with respect to X
• End for
3. Results and discussion
Here we compare the partitions produced with two clustering approaches based on the information bottleneck method:
• presence-absence of genomes in Clusters of Orthologous Groups of proteins (COGs);
• distribution of protein lengths in COGs.
Both clusterings showed a clear separation of the two major prokaryotic domains, Bacteria and Archaea (Fig. 1,
Table 1. Clustering of relatively close species, such as four mycoplasmas (Mycoplasma genitalium, Mycoplasma pneumoniae,
Mycoplasma pulmonis and Ureaplasma urealiticum), two spirochetes (Borrelia burgdorferi and Treponema pallidum), and
Helicobacter pylori and Campylobacter jejuni, are also reproduced. It shows that types of data used for clusterings contained
a phylogenetic signal.
3.1. The root of the tree
The agglomerative information variant of the information bottleneck algorithm, as it follows from the name, sequentially
divides dataset in 2, 3 . . . |X | groups. It means that the complete genome tree may be easily reconstructed. Because of the
format limitations on an extent of themanuscript, only the root of the hidden genome tree and results of the partition to ten
clusters are present here (Table 1, Figs. 1 and 2). In the whole tree, clusters 1 and 10 (mycoplasmatales, campylobacterales,
and bacterial hyperthermophiles) belong to one clade; clusters 5 and 6 formone big ‘‘mix’’ group, and clusters 4 and 8 belong
to one unit as well. An application of the sequential clustering supports the ‘‘Archaea tree’’ hypothesis (Fig. 2).
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Fig. 1. ‘‘10Bool’’ column corresponds to the presence-absence of genomes in COG clustering. ‘‘10Clusters’’ corresponds to distribution of protein lengths
in COGs clustering.
Fig. 2. The rooting of the tree produced by the agglomerative information bottleneck algorithm.
3.2. What does a clustering based on the presence-absence of genomes in COGs give us?
Wolf et al. employed five independent approaches to construct trees for completely sequenced 30 bacterial and 10
archaeal genomes, including presence-absence of genomes in clusters of orthologous genes [31]. The topology of the
parsimony tree built using this criterion primarily reflected the phenotypes of the respective organisms. This was most
clearly manifested in the two major bacterial clusters that appeared in the tree (Fig. 1 in [31]):
(1) Bacteria with large genomes, namely, Eecherichia coli, Bacillus subtilis, Synechocystis sp., Deinococcus radiodurans, and
Mycobacterium tuberculosis, and free-living bacteria with small genomes, Aquifex aeolicus and Thermotoga maritima;
(2) Parasites with small genomes (mycoplasmas, spirochetes, Chlamydia, and Rickettsia).
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Table 1
Clustering to 10 groups based on gene lengths
Cluster Number of genomes Taxonomy Distribution of taxa
Cluster 1 5 Proteobacteria Campylobacterales 3 of 3
Aquificales 1 of 1
Thermotogales 1 of 1
Cluster 2 6 Archaea Euryarchaeota: 6 of 10
Cluster 3 7 Archaea Euryarchaeota: 4 of 10
Crenarchaeota 3 of 3
Cluster 4 7 Proteobacteria Rhizobiales 4 of 4
Burkholderiales 1 of 1
Pseudomonadales 1 of 1
Caulobacterales 1 of 1
Cluster 5 8 ‘‘Mix’’ Spirochaetales 2 of 2
Chlamydiales 2 of 2
Rickettsiales 2 of 2
Xanthomonadales 1 of 1
Enterobacteriales 1 of 6
(Buchnera)
Cluster 6 8 Firmicutes without Mycoplasmatales Clostridiales, 8 of 8
Bacillales, Lactobacillales
Cluster 7 8 ‘‘Mix’’ Cyanobacteria, Deinococcus- 4 of 4
Thermus, Fusobacteria
Actinobacteria 4 of 4
Cluster 8 10 Proteobacteria Enterobacteriales 5 of 6
Pasteurellales 2 of 2
Neisseriales 2 of 2
Vibrionales 1 of 1
Cluster 9 3 Eukarya Ascomycota, Microsporidia 3 of 3
Cluster 10 4 Firmicutes - Mycoplasmatales Mycoplasmatales 4 of 4
Our Fig. 1 presents a picture different from Figure 3 in [31]. It seems that the partitions produced with clustering,
based on the information bottleneck method using presence-absence of genomes in COGs better reflect phylogenetic
relations avoiding some hurdles described in [31]. Therefore, already an application of the information bottleneck method
has provided better results in a group of gene-content clustering methods. In general, differences between the columns
‘‘10Clusters’’ and ‘‘10Bool’’ related to the two different input data in Fig. 1 are in favor of a method based on gene-lengths
data.
Wolf et al. mentioned [31] that the potential new, deep relationships between bacterial lineages revealed during
their analysis should be considered as preliminary, and treated with caution. The authors treated an evolutionary affinity
between Cyanobacteria (Synechocystis) and Actinomycetes (Mycobacterium) as plausible. Our analysis puts Cyanobacteria
(Synechocystisand Nostoc) and Actinomycetes (Corynebacterium and Mycobacterium) in one cluster (cluster 7) again.
Therefore, our approach independent of all five methods presented in [31] confirms that affinity. The connection between
two hyperthermophilic bacteria, Aquifex and Thermotoga, also declared as plausible there, is confirmed as well. These
two species appear together with three campylobacterales in Cluster 1 (see Table 1). An interesting picture offers a
placement of Archaea in the genome tree (Fig. 2, Table 1). From one side, Fig. 2 presents a split to (Bacteria, (Archaea,
Eukarya)) that mirrors ‘‘the Archaea tree’’ hypothesis, but from another side, Archaea is split in a less traditional
manner: (Euryarchaeota: (Archaeoglobi, Halobacteria,Methanobacteria,Methanococci, Methanomicrobia), (Euryarchaeota:
(Thermoplasmata, Thermococci), Crenarchaeota)). As it has already appeared in a few previous genome trees, Buchnera
aphidicola is not placed together with E. coli and Salmonella typhimurium but in a ‘‘mix’’ cluster 5.
4. Summarizing conclusions
The results of the present study suggest that genome trees based on new clustering techniques and different types of
whole-genome data may contribute to the further development of the field. In this paper, we narrowed usage of genomic
data to lengths of homologous proteins; however, we plan to expand the approach to data related with sequence similarity.
The genome tree produced by the information bottleneckmethod corresponds reasonably to the ‘‘Archaea tree’’ hypothesis.
The ability to correctly cluster representatives of the major bacterial subdivisions and the absence of obviously wrong
groupings confer credibility to non-trivial clades present in Table 1. In particular, convincing correspondence among earlier
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results of Wolf et al. [31] and our groupings (the Spirochete-Chlamydia-Rickettsia clade, non-trivial bacterial groupings
Aquifex+ Thermotoga, and Cyanobacteria+Mycobacterium+ Deinococcus), seem to make the presented here genome tree
a real representative of a ‘‘species tree’’.
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